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1
METHOD AND DEVICE FOR CLASSIFYING
SENSOR DATA AND FOR ASCERTAINING
AN ACTIVATION SIGNAL FOR ACTIVATING
AN ACTUATOR

FIELD

The present invention relates to a method for classifying
input signals, a method for providing an activation signal, a
computer program, a machine-readable memory medium,
and an actuator control system.

BACKGROUND INFORMATION

The paper “Improving neural networks by preventing
co-adaptation of feature detectors,” arXiv preprint arXiv:
1207.0580v1, Geoffrey E. Hinton, Nitish Srivastava, Alex
Krizhevsky, llya Sutskever, Ruslan R. Salakhutdinov (2012)
describes a method for training neural networks, in which
feature detectors are randomly omitted during the training.
These methods are also known by the name “dropout.”

The paper “Batch Normalization: Accelerating Deep Net-
work Training by Reducing Internal Covariate Shift,” arXiv
preprint arXiv:1502.03167v3, Sergey Ioffe, Christian
Szegedy (2015) describes a method for training neural
networks, in which input variables into a layer are normal-
ized for a mini-batch of training examples.

SUMMARY

A method in accordance with an example embodiment
may have the advantage over the related art that an archi-
tecture search of the neural network is simplified.

Advantageous refinements of the present invention are
disclosed herein.

SUMMARY

With the aid of a sufficiently large amount of training data,
so-called “deep learning” methods, i.e., (deep) artificial
neural networks may be utilized in order to efficiently
ascertain a mapping between an input space V, and an
output space V. This may be, for example, a classification
of sensor data, in particular image data, i.e., a mapping from
sensor data or image data onto classes. Basically, the
approach is to provide a number k-1 of hidden spaces
Vis . . ., Vo,. Moreover, the number k of mappings
FiV,_,—V, (i=1 . . . k between these spaces is provided.
Each of these mappings J* is usually referred to as a layer.
Such a layer f* is typically parameterized by weights w,EW’
including a suitably selected space W'. Weights w,, . .., w,
of the number k of layers J” are also referred to, summarized,
as weights wEW:=W'x . . . xW¥*, and the mapping of input
space V, onto output space V, is referred to as f,:V,—V,,
which results from individual mappings f* (with weights w,
explicitly indicated as a subscript), is referred to
as J“W(x)::fwkko - oj’wll(x).

At a given probability distribution D, which is defined on
VxV,, the objective of the training of the neural network is
to determine weights w&W in such a way that an expected
value ® of a cost or loss function L

D[w] :E(nyD)~D[L(fw(xD)ayD)] 1

is minimized. Cost or loss function L designates a measure
for the distance between the mapping of an input variable x,,
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2

onto a variable V, in output space V, ascertained with the aid
of function f, and an actual output variable y,, in output
space V.

A “deep neural network™ may be understood to be a neural
network including at least two hidden layers.

In order to minimize this expected value ®, gradient-
based methods may be utilized, which ascertain a gradient
V@ with respect to the weights w. This gradient Vd(is
usually approximated with the aid of training data (x,,y)),
ie, by V L{,(x,y)), indices j being selected from a
so-called epoch. Here, an epoch is a permutation of labels
{1, ..., N} of the available training data points.

In order to expand the training data set, so-called data
augmentation (also referred to as augmentation) may be
utilized. Here, instead of pair (X,y;), an augmented pair
(X,;y;) may be selected for each index j from the epoch, input
signal x, being replaced by an augmented input variable
x,Ea(x,). Here, a(x;) may be a set of typical variations of
input signal x; (including input signal x; itself), which leave
a classification of input signal x, i.e., the output signal of the
neural network, unchanged.

This epoch-based sampling is not completely consistent
with the definition from equation (1), however, since each
data point is selected exactly one time in the course of an
epoch. The definition from equation (1), however, is based
on independently drawn data points. That is, while equation
(1) presumes a drawing of the data points “with replace-
ment,” epoch-based sampling carries out a drawing of the
data points “without replacement.” This may result in the
preconditions of mathematical proofs not being met (this is
the case because, if N examples are drawn from a set having
the number N of data points, the probability of drawing each
of these data points exactly once is less than &2 (for N>2),
while this probability is always equal to 1 in epoch-based
sampling.

If data augmentation is utilized, this statistical effect may
be further amplified, since an element of set a(x;) is present
in each epoch and, depending on augmentation function .,
it may not be ruled out that cu(x))~au(x,) for i=]. A statistically
correct mapping of the augmentations with the aid of set
o(x,) is difficult here, since the effect does not need to be
uniformly pronounced for each input datum x;. In this way,
for example, a rotation may have no effect on circular
objects, but may have a very strong effect on general objects.
Therefore, the size of set ai(x;) may be dependent upon input
datum x, which may be problematic for adversarial training
methods.

Finally, the number N of training data points is a variable,
which is generally difficult to establish. If N is selected to be
too large, the run time of the training method may be unduly
extended; if N is selected to be too small, a convergence may
not be guaranteed, since mathematical proofs of the conver-
gence are usually based on assumptions, which are then not
met. In addition, it is unclear at which point in time the
training is to be reliably terminated. If a portion of the data
points is utilized as an evaluation data set and the quality of
the convergence is determined with the aid of this evaluation
data set, this may result, with respect to the data points of the
evaluation data set, in an over-fitting of weights w, which not
only reduces the data efficiency, but may also worsen the
performance of the network when it is applied on data other
than the training data. This may result in a reduction of the
so-called generalizability.

In order to reduce an over-fitting, a piece of information
stored in the hidden layers may be randomly thinned out
with the aid of the dropout method mentioned at the outset.
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In order to improve the randomization of the training
process, due to the use of so-called batch normalization
layers, statistical parameters |1 and o may be introduced via
so-called mini-batches, which are updated with respect to
probability during the training process. In the inference, the
values of these parameters i and o are selected as fixedly
predefinable values, for example, as estimated values from
the training via extrapolation of the exponential decay
behavior.

If the layer having index i is a batch normalization layer,
associated weights w,=(11,,0,) are not updated in a gradient
descent, i.e., these weights w, are therefore handled differ-
ently than weights w, of remaining layers k. This increases
the complexity of an implementation.

In addition, the size of the mini-batch is a parameter,
which usually affects the training result and, therefore, must
be set as well as possible as a further hyperparameter, for
example, within the scope of a (possibly complex) archi-
tecture search.

In a first aspect of the present invention, it is therefore
provided that the neural network includes a scaling layer, the
scaling layer mapping an input signal present at the input of
the scaling layer onto an output signal present at the output
of the scaling layer in such a way that this mapping
corresponds to a projection of the input signal onto a
predefinable value range, parameters being predefinable,
which characterize the mapping. The value range may be
defined by a norm. If this is the case, the scaling layer
ensures that the scale of the input signal is limited with
respect to this norm.

“Predefinable” may mean, in this context, in particular,
that these parameters are adaptable during a training of the
neural network as a function of a gradient, this gradient
being ascertained in a usual way as a function of an output
signal of the neural network and an associated desired output
signal.

This means, initially in a training phase, the predefinable
parameters are adapted as a function of a method for training
the neural network, an adaptation of these predefinable
parameters taking place during the training as a function of
the output signal of the neural network when the input signal
of the neural network is supplied and as a function of the
associated desired output signal, the adaptation of the pre-
definable parameters taking place as a function of an ascer-
tained gradient, which is dependent on the output signal of
the neural network and the associated desired output signal.

Preferably, it may be provided in refinements of the
present invention that the scaling layer maps an input signal
present at the input of the scaling layer onto an output signal
present at the output of the scaling layer in such a way that
this mapping corresponds to a projection onto a ball, center
¢ and/or radius p of this ball being fixedly predefinable.

Here, the mapping may be established by the equation
y=argmin, ., N,(x-y) including a first norm N, and a
second norm N,. The term “norm” is to be understood here
in a mathematical sense.

In a particularly efficiently calculated refinement, it may
be provided that first norm N, and second norm N, are
selected to be identical.

Alternatively or additionally, first norm N;, may be an L™
norm. This norm may also be particularly efficiently calcu-
lated, in particular also for the case in which first norm N,
and second norm N, are not selected to be identical.

Alternatively, it may be provided that first norm N, is an
L' norm. This selection of the first norm supports the
sparsity of the output signal of the scaling layer. This is
advantageous, for example, for the compression of neural
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4

networks, since weights having the value 0 do not make a
contribution to the output value of its layer.

Therefore, a neural network including such a layer may be
utilized in a particularly memory-efficient manner, in par-
ticular, in connection with a compression method.

In the above-described variants for first norm N, it may
be advantageously provided that second norm N, is an L?
norm. Therefore, the methods may be particularly easily
implemented.

In accordance with an example embodiment of the present
invention, it is particularly advantageous here when the
equation y=argminy . . ,N>(x~y) is solved with the aid of
a deterministic Newton method.

Namely, it was surprisingly found that this method is
particularly efficient when the input signal is present at the
input of the scaling layer along with several important, i.e.,
strongly weighted, features.

Specific embodiments of the present invention are
explained in greater detail below with reference to the
figures.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 schematically shows a configuration of a specific
embodiment of a control system, in accordance with the
present invention.

FIG. 2 schematically shows an exemplary embodiment
for the control of an at least semi-autonomous robot, in
accordance with the present invention.

FIG. 3 schematically shows an exemplary embodiment
for the control of a production system, in accordance with
the present invention.

FIG. 4 schematically shows an exemplary embodiment
for the control of a personal assistant, in accordance with the
present invention.

FIG. 5 schematically shows an exemplary embodiment
for the control of an access system, in accordance with the
present invention.

FIG. 6 schematically shows an exemplary embodiment
for the control of a monitoring system, in accordance with
the present invention.

FIG. 7 schematically shows an exemplary embodiment
for the control of a medical imaging system, in accordance
with the present invention.

FIG. 8 schematically shows a training system, in accor-
dance with the present invention.

FIG. 9 schematically shows a configuration of a neural
network, in accordance with the present invention.

FIG. 10 schematically shows an information forwarding
within the neural network, in accordance with the present
invention.

FIG. 11 shows a specific embodiment of a training method
in a flowchart, in accordance with the present invention.

FIG. 12 shows a specific embodiment of a method for
estimating a gradient in a flowchart, in accordance with the
present invention.

FIG. 13 shows an alternative specific embodiment of the
method for estimating the gradient in a flowchart, in accor-
dance with the present invention.

FIG. 14 shows a specific embodiment of a method for
scaling the estimated gradient in a flowchart, in accordance
with the present invention.

FIGS. 15a)-15¢) shows specific embodiments for the
implementation of a scaling layer within the neural network
in flowcharts, in accordance with the present invention.
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FIG. 16 shows a method for operating the trained neural
network in a flowchart, in accordance with an example
embodiment of the present invention.

DETAILED DESCRIPTION OF EXAMPLE
EMBODIMENTS

FIG. 1 shows an actuator 10 in its surroundings 20 in
interaction with a control system 40. Actuator 10 and
surroundings 20 are referred to jointly as an actuator system.
At preferably regular time intervals, a state of the actuator
system is detected with the aid of a sensor 30, which may
also be in the form of a plurality of sensors. Sensor signal
S—or, in the case of multiple sensors, one sensor signal S in
each case—of sensor 30 is transmitted to control system 40.
Control system 40 therefore receives a series of sensor
signals S. On the basis thereof, control system 40 ascertains
activation signals A, which are transferred to actuator 10.

Sensor 30 is an arbitrary sensor, which detects a state of
surroundings 20 and transmits this as sensor signal S. It may
be, for example, an imaging sensor, in particular an optical
sensor, such as an image sensor or a video sensor, or a radar
sensor, or an ultrasonic sensor, or a LIDAR sensor. It may
also be an acoustic sensor, which receives, for example,
structure-borne noise or voice signals. The sensor may also
be a position sensor (such as, for example, GPS) or a
kinematic sensor (for example, a single- or multi-axis accel-
eration sensor). A sensor, which characterizes an orientation
of actuator 10 in surroundings 20 (for example, a compass),
is also possible. A sensor, which detects a chemical com-
position of surroundings 20, for example, a lambda sensor,
is also possible. Alternatively or additionally, sensor 30 may
also encompass an information system, which ascertains a
piece of information regarding a state of the actuator system,
such as, for example, a weather information system, which
ascertains a present or future condition of the weather in
surroundings 20.

Control system 40 receives the series of sensor signals S
of sensor 30 in an optional receiving unit 50, which converts
the series of sensor signals S into a series of input signals x
(alternatively, particular sensor signal S may also be directly
adopted as input signal x). Input signal x may be, for
example, a section or a further processing of sensor signal S.
Input signal x may encompass, for example, image data or
images, or individual frames of a video recording. In other
words, input signal x is ascertained as a function of sensor
signal S. Input signal x is routed to a neural network 60.

Neural network 60 is preferably parameterized by param-
eters 0, for example, including weights w, which are stored
in a parameter memory P and, by this, are made available.

Neural network 60 ascertains output signals y from input
signals x. Typically, output signals y encode a piece of
classification information of input signal x. Output signals y
are routed to an optional conversion unit 80, which, on the
basis of output signals y, ascertains activation signals A,
which are routed to actuator 10, in order to appropriately
activate actuator 10.

Actuator 10 receives activation signals A, is appropriately
activated and carries out an appropriate action. Actuator 10
may encompass an (not necessarily structurally integrated)
activation logic, which ascertains a second activation signal
from activation signal A, with the aid of which actuator 10
is then activated.

In further specific embodiments, control system 40
includes sensor 30. In even further specific embodiments,
alternatively or additionally, control system 40 also includes
actuator 10.
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In further preferred specific embodiments, control system
40 includes one or a plurality of processor(s) 45 and at least
one machine-readable memory medium 46, on which
instructions are stored, which, for the case in which they are
run on processors 45, prompt control system 40 to carry out
the method for operating control system 40.

In alternative specific embodiments, a display unit 10« is
provided alternatively or additionally to actuator 10.

FIG. 2 shows an exemplary embodiment, in which control
system 40 is utilized for controlling an at least semi-
autonomous robot, in this case an at least semi-automated
motor vehicle 100.

Sensor 30 may be one of the sensors mentioned in
conjunction with FIG. 1, preferably one or multiple video
sensor(s) and/or one or multiple radar sensor(s) and/or one
or multiple ultrasonic sensor(s) and/or one or multiple
LIDAR sensor(s) and/or one or multiple position sensor(s)
(for example, GPS) preferably situated in motor vehicle 100.

Neural network 60 may detect, out of input data x, for
example, objects in the surroundings of the at least semi-
autonomous robot. Output signal y may be a piece of
information, which characterizes where objects are present
in the surroundings of the at least semi-autonomous robot.
Output signal A may then be ascertained as a function of this
piece of information and/or in accordance with this piece of
information.

Actuator 10 preferably situated in motor vehicle 100 may
be, for example, a brake, a drive, or a steering of motor
vehicle 100. Activation signal A may then be ascertained in
such a way that actuator or actuators 10 is/are activated in
such a way that motor vehicle 100, for example, prevents a
collision with the objects identified by neural network 60, in
particular when these are objects of certain classes, for
example, pedestrians. In other words, activation signal A
may be ascertained as a function of the ascertained class
and/or in accordance with the ascertained class.

Alternatively, the at least semi-autonomous robot may
also be another mobile robot (not represented), for example,
such a robot, which moves by flying, swimming, diving, or
walking. The mobile robot may also be, for example, an at
least semi-autonomous lawn mower or an at least semi-
autonomous cleaning robot, or the like. In these cases as
well, activation signal A may be ascertained in such a way
that the drive and/or the steering of the mobile robot are/is
activated in such a way that the at least semi-autonomous
robot, for example, prevents a collision with the objects
identified by neural network 60.

In one further alternative, the at least semi-autonomous
robot may also be a garden robot (not represented), which
ascertains a type or a condition of plants in surroundings 20
with the aid of an imaging sensor 30 and neural network 60.
Actuator 10 may then be, for example, a chemical applicator.
Activation signal A may be ascertained as a function of the
ascertained type or of the ascertained condition of the plants
in such a way that an amount of the chemicals is applied in
accordance with the ascertained type or the ascertained
condition.

In even further alternatives, the at least semi-autonomous
robot may also be a household appliance (not represented),
in particular, a washing machine, a stove, an oven, a
microwave, or a dishwasher. With the aid of sensor 30, for
example, an optical sensor, a condition of an object handled
by the household appliance, for example, in the case of the
washing machine, a condition of laundry located in the
washing machine, may be detected. With the aid of neural
network 60, a type or a condition of this object may then be
ascertained and characterized by output signal y. Activation
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signal A may then be ascertained in such a way that the
household appliance is activated as a function of the ascer-
tained type or the ascertained condition of the object. For
example, in the case of the washing machine, the washing
machine may be activated as a function of the material of
which the laundry located therein is made. Activation signal
A may then be selected as a function of the ascertained
material of which the laundry is made.

FIG. 3 shows an exemplary embodiment, in which control
system 40 is utilized for activating a production machine 11
of'a production system 200, in that an actuator 10 controlling
this production machine 11 is activated. Production machine
11 may be, for example, a machine for punching, sawing,
drilling, and/or cutting.

Sensor 30 may be one of the sensors mentioned in
conjunction with FIG. 1, preferably an optical sensor, which
detects, for example, properties of manufactured products
12. It is possible that actuator 10 controlling production
machine 11 is activated as a function of the ascertained
properties of manufactured product 12, so that production
machine 11 appropriately carries out a subsequent process-
ing step of this manufactured product 12. It is also possible
that sensor 30 ascertains the properties of manufactured
product 12 processed by production machine 11 and, as a
function thereof, adapts an activation of production machine
11 for a subsequent manufactured product.

FIG. 4 shows an exemplary embodiment, in which control
system 40 is utilized for the control of a personal assistant
250. Sensor 30 may be one of the sensors mentioned in
conjunction with FIG. 1. Sensor 30 is preferably an acoustic
sensor, which receives voice signals of a user 249. Alterna-
tively or additionally, sensor 30 may also be configured for
receiving optical signals, for example, video images of a
gesture of user 249.

As a function of the signals of sensor 30, control system
40 ascertains an activation signal A of personal assistant 250,
for example, in that the neural network carries out a gesture
recognition. This ascertained activation signal A is then
transmitted to personal assistant 250 and, thereby, appropri-
ately activates it. This ascertained activation signal A may be
selected in such a way that it corresponds to an assumed
desired activation by user 249. This assumed desired acti-
vation may be ascertained as a function of the gesture
recognized by neural network 60. As a function of the
assumed desired activation, control system 40 may then
select activation signal A for transmission to personal assis-
tant 250 and/or select activation signal A for transmission to
the personal assistant in accordance with the assumed
desired activation 250.

This appropriate activation may include, for example, that
personal assistant 250 retrieves information from a database
and plays it back for user 249 in a comprehensible manner.

Instead of personal assistant 250, a household appliance
(not represented) may also be provided, in particular, a
washing machine, a stove, an oven, a microwave, or a
dishwasher, in order to be appropriately activated.

FIG. 5 shows an exemplary embodiment, in which control
system 40 is utilized for the control of an access system 300.
Access system 300 may encompass a physical access con-
trol, for example, a door 401. Sensor 30 may be one of the
sensors mentioned in conjunction with FIG. 1, preferably an
optical sensor (for example, for detecting image or video
data), which is configured for recognizing a face. With the
aid of neural network 60, this detected image may be
interpreted. For example, the identity of a person may be
ascertained. Actuator 10 may be a lock, which releases the
access control, or not, for example, opens door 401, or not,
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as a function of activation signal A. For this purpose,
activation signal A may be selected as a function of the
interpretation of neural network 60, for example, as a
function of the ascertained identity of the person. Instead of
the physical access control, a logical access control may also
be provided.

FIG. 6 shows an exemplary embodiment, in which control
system 40 is utilized for the control of a monitoring system
400. This exemplary embodiment differs from the exem-
plary embodiment represented in FIG. 5 in that, instead of
actuator 10, display unit 10« is provided, which is activated
by control system 40. For example, it may be ascertained by
neural network 60 whether an object recorded by the optical
sensor is suspicious, and activation signal A may then be
selected in such a way that this object is represented by
display unit 10a highlighted in color.

FIG. 7 shows an exemplary embodiment, in which control
system 40 is utilized for the control of a medical imaging
system 500, for example, an MRT, X-ray, or ultrasonic
device. Sensor 30 may be in the form, for example, of an
imaging sensor; display unit 10a is activated with the aid of
control system 40. For example, it may be ascertained by
neural network 60 whether an area recorded by the imaging
sensor is conspicuous, and activation signal A may then be
selected in such a way that this area is represented by display
unit 10a highlighted in color.

FIG. 8 schematically shows an exemplary embodiment of
atraining system 140 for training neural network 60 with the
aid of a training method. A training data unit 150 ascertains
suitable input signals x, which are routed to neural network
60. For example, training data unit 150 accesses a computer-
implemented database, in which a set of training data is
stored, and selects, for example, input signals x randomly
from the set of training data. Optionally, training data unit
150 also ascertains desired or “actual” output signals y,
assigned to input signals x, which are routed to an evaluation
unit 180.

Artificial neural network 60 is configured for ascertaining
associated output signals y from input signals x routed
thereto. These output signals y are routed to evaluation unit
180.

Evaluation unit 180 may characterize a performance of
neural network 60, for example, with the aid of a cost or loss
function L dependent on output signals y and desired output
signals y,. Parameters 6 may be optimized as a function of
cost or loss function L.

In further preferred specific embodiments, training system
140 includes one or a plurality of processor(s) 145 and at
least one machine-readable memory medium 146, on which
instructions are stored, which, for the case in which they are
run on processors 145, prompt control system 140 to carry
out the training method.

FIG. 9 shows, by way of example, one possible configu-
ration of neural network 60, which prevails as a neural
network in the exemplary embodiment. The neural network
encompasses a plurality of layers S,,S,,S,.S,,S;, in order to
ascertain, from input signal x, which is supplied at an input
of an input layer S|, output signal y, which is present at an
output of an output layer S5. Each of the layers S,,S,,S;,
S.,S5 is configured for ascertaining, from a (possibly multi-
dimensional) input signal X, z,,75,2,,Z, Which is present at
an input of particular layer S|,S,,S5,S,,S5, a (possibly multi-
dimensional) output signal z,,7,,z,,Z5,y, which is present at
an output of particular layer S,,S,,S;,S,,S5. Such output
signals are also referred to as feature maps, specifically in
image processing. Here, it is not necessary for layers S,,S,,
S3,5,.S; to be situated in such a way that all output signals,
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which are incorporated into further layers as input signals,
are incorporated into a layer directly following a particular
preceding layer. Instead, skip connections or recurrent con-
nections are also possible. It is also possible, of course, that
input signal x is incorporated into several of the layers, or
that output signal y of neural network 60 is made up of
output signals of a plurality of layers.

Output layer S5 may be in the form, for example, of an
argmax layer (i.e., a layer, which selects, from a plurality of
inputs including particular assigned input values, an identi-
fier of the input, whose assigned input value is the largest of
all these input values); one or multiple of the layers S,,S,,S;
may be in the form, for example, of a convolution layer or
convolution layers.

Advantageously, one layer S, is designed as a scaling
layer, which is designed in such a way that an input signal
x present at the input of scaling layer S, is mapped onto an
output signal y present at the output of scaling layer S, in
such a way that output signal y present at the output is a
rescaling of input signal x, parameters being fixedly pre-
definable, which characterize the rescaling. Exemplary
embodiments of methods, which may implement scaling
layer S,, are described below in conjunction with FIG. 15.

FIG. 10 schematically illustrates the Information forward-
ing within neural network 60. Here, three multi-dimensional
signals within neural network 60 are schematically repre-
sented, namely input signal x, and subsequent feature maps
7,,Z,. Input signal x has, in the exemplary embodiment, a
spatial resolution of n)clxny1 pixels, first feature map z, a
resolution of n)62><ny2 pixels, and second feature map z, a
resolution of nx3><ny3 pixels. In the exemplary embodiment,
the resolution of second feature map z, is lower than the
resolution of input signal x, although this is not absolutely
necessarily the case.

Moreover, a feature, for example, a pixel, (i,j); of second
feature map z, is represented. If the function, which ascer-
tains second feature map z, from first feature map z,, is
represented, for example, by a convolution layer or a fully
connected layer, it is also possible that a plurality of features
of first feature map z, is incorporated into the ascertainment
of'the value of this feature (i,j);. It is also possible, of course,
that only a single feature of first feature map z, is incorpo-
rated into the ascertainment of the value of this feature (i,j);.

Here, “incorporate into” may be advantageously under-
stood to mean that there is a combination of values of the
parameters, which characterize the function, with the aid of
which second feature map z, z, is ascertained from first
feature map z,, and of values of first feature map z, such that
the value of feature (i,j); is a function of the value of the
feature being incorporated. The entirety of these features
being incorporated is designated as area Be in FIG. 10.

A single feature or multiple features of input signal x
is/are incorporated into the ascertainment of each feature
(i), of area Be itself. The set of all features of input signal
X, which are incorporated into the ascertainment of at least
one of the features (i,j), of area Be, is referred to as receptive
field rF of feature (i,j);. In other words, receptive field rF of
feature (i,j); encompasses all the features of input signal x,
which are directly or indirectly (in other words: at least
indirectly) incorporated into the ascertainment of feature
(i), 1-e., the values of which may affect the value of feature
(1)s-

FIG. 11 shows, in a flowchart, the sequence of a method
for training neural network 60 according to one specific
embodiment.
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Initially 1000, a training data set X including pairs (X,,y;)
of input signals x, and particular associated output signals y,
is provided. A learning rate 1) is initialized, for example,
n=1.

Moreover, optionally, a first set G and a second set N are
initialized, for example, when the exemplary embodiment,
illustrated in FIG. 12, of this portion of the method is utilized
in step 1100. If the exemplary embodiment, illustrated in
FIG. 13, of'this portion of the method is to be utilized in step
1100, the initialization of first set G and of second set N may
be dispensed with.

The initialization of first set G and of second set N may
take place as follows: First set G, which includes the pairs
(x,,y,) of training data set X, which were already drawn in
the course of a present epoch of the training method, is
initialized as an empty set. Second set N, which includes the
pairs (x,,y,) of training data set X, which were not yet drawn
in the course of the present epoch, is initialized, in that all
pairs (X,,y,) of training data set X are assigned thereto.

Now 1100, with the aid of pairs (x,,y,) of input signals x,
and particular associated output signals y, of training data set
X, a gradient g of characteristic L is estimated with respect
to parameters 0, i.e., g=VgL. Exemplary embodiments of
this method are described in conjunction with FIGS. 12 and
13.

Thereafter 1200, optionally, a scaling of gradient g is
carried out. Exemplary embodiments of this method are
described in conjunction with FIG. 14.

Thereafter 1300, optionally, an adaptation of a learning
rate 1 is carried out. Here, learning rate r) may be reduced,
for example, by a predefinable learning rate reduction factor
Dn (for example, Dn=%0) (i.e., n=mM'Dn), provided a
number of the epochs passed through is divisible by a
predefinable number of epochs, for example, 5.

Thereafter 1400, parameters 0 are updated with the aid of
ascertained and, possibly, scaled gradient g and learning rate
1. For example, parameters 6 are replaced by 6-n-g.

A check is now 1500 carried out with the aid of a
predefinable convergence criterion, to determine whether
the method has converged. For example, it may be decided,
as a function of an absolute change of the parameters 0 (for
example, between the last two epochs), whether the conver-
gence criterion has been met, or not. For example, the
convergence criterion may be met precisely for the case in
which an L? norm regarding the change of all parameters 0
between the last two epochs is less than a predefinable
convergence threshold.

If it was decided that the convergence criterion has been
met, the parameters 0 are adopted as learned parameters
(step 1600), and the method ends. If not, the method jumps
back to step 1100.

FIG. 12 illustrates, in a flowchart, an exemplary method
for ascertaining gradient g in step 1100.

Initially 1110, a predefinable number bs of pairs (x,,y,) of
training data set X is to be drawn (without replacement), i.e.,
selected, and assigned to a batch B. Predefinable number bs
is also referred to as batch size. Batch B is initialized as an
empty set.

For this purpose, a check is carried out 1120 to determine
whether batch size bs is greater than the number of pairs
(X,,y,), which are present in second set N.

If batch size bs is not greater than the number of pairs
(X,,y,), which are present in second set N, the number bs of
pairs (x,,y,) is randomly drawn 1130 from second set N, i.e.,
selected and added to batch B.

If batch size bs is greater than the number of pairs (x,,,),
which are present in second set N, all pairs of second set N,
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whose number is designated as s, are drawn 1140, i.e.,
selected and added to batch B, and the remaining, i.e., the
number bs—s, are drawn from first set G, i.e., selected and
added to batch B.

Thereafter 1150, for all parameters 0, it is optionally
decided at step 1130 or 1140, whether these parameters 0 are
to be omitted in this training run, or not. For this purpose, a
probability is established, for example, separately for each
layer (S,.S,, . . ., Sg), with which parameters 0 of this layer
are omitted. For example, this probability may be 50% for
first layer S; and reduced by 10% in each subsequent layer.

With the aid of these established particular probabilities,
it may be decided for each of the parameters 0, whether it is
omitted, or not.

For each pair (x,,y;) of batch B, it is now 1155 optionally
decided whether particular input signal x; is augmented, or
not. For every appropriate input signal x;, which is to be
augmented, an augmentation function is preferably ran-
domly selected and applied to input signal x,. Input signal x,
augmented in this manner then replaces original input signal
x,;. If input signal x, is an image signal, the augmentation
function may be established, for example, via a rotation by
a predefinable angle.

Thereafter 1160, for each pair (x,,y,) of batch B, appro-
priate (and, possibly, augmented) input signal x; is selected
and routed to neural network 60. Parameters 0 of neural
network 60 to be omitted are deactivated during the ascer-
tainment of the appropriate output signal, for example, in
that they are temporarily set to the value zero. Appropriate
output signal y(x,) of neural network 60 is assigned to
appropriate pair (x,,y;). A cost or loss function L, is ascer-
tained in each case as a function of output signals y(x;) and
particular output signals y, of pair (x,.y,) as a desired output
signal y,.

Thereafter 1165, complete cost or loss function £=X,_,
L . is ascertained jointly for all pairs (x,,y,) of batch B and
the appropriate component of gradient g is ascertained, for
example, with the aid of backpropagation, for each of
parameters 0 not to be omitted. The appropriate component
of gradient g is set to zero for each of the parameters 0 to be
omitted.

Now, a check is carried out 1170 to determine whether it
was established during the check in step 1000 that batch size
bs is greater than the number of pairs (x,.y,). which are
present in second set N.

If it was established that batch size bs is not greater than
the number of pairs (x,,y,), which are present in second set
N, all pairs (x;,y;) of batch B of first set G are 1180 added
and removed from second set N. A check is now carried out
1185 to determine whether second set N is empty. If second
set N is empty, a new epoch 1186 begins. For this purpose,
first set G is initialized again as an empty set, and second set
N is re-initialized, in that all pairs (X,,y;) of training data set
X are assigned thereto again, and the method branches off to
step 1200. If second set N is not empty, the method branches
directly to step 1200.

If it was established that batch size bs is greater than the
number of pairs (x,,y,). which are present in second set N,
first set G is re-initialized 1190, in that all pairs (x,,y,) of
batch B are assigned thereto, second set N is re-initialized,
in that all pairs (x,.y,) of training data set X are assigned
thereto again and, thereafter, pairs (x,,y,), which are also
present in batch B, are removed. Thereafter, a new epoch
begins and the method branches off to step 1200. Thus ends
this portion of the method.

FIG. 13 illustrates, in a flowchart, one further exemplary
method for ascertaining gradient g in step 1100. Initially,
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parameters of the method are initialized 1111. In the fol-
lowing, the mathematical space of parameters 0 is desig-
nated as W. If parameters 6 therefore encompass a number
np of individual parameters, space W is an np-dimensional
space, for example, W=R™. An iteration counter n is ini-
tialized to value n=0, a first variable m, is then set as
m,=0e W (i.e., as an np-dimensional vector), a second
variable m, is set as m,=0c WQW (i.e., as an npxnp-
dimensional matrix).

Thereafter 1121, a pair (x,,y,) is randomly selected from
training data set X and, possibly, augmented. This may take
place, for example, in such a way that, for each input signal
X, of pairs (x,,y,) of training data set X, a number p(0u(x,)) of
possible augmentations 0(x;) is ascertained and a position
variable

S @

J<i

p= ij
7

is assigned to each pair (x,,y,) If a random number ¢<[0; 1]
is drawn in an evenly distributed manner, the position
variable p, may be selected, which satisfies the string of
inequalities

3)

Associated index i then designates selected pair (x,,y,), an
augmentation ¢, of input variable x, may be randomly drawn
from the set of possible augmentations o(x;) and applied to
input variable x,, i.e., selected pair (x,y,) is replaced by
(0(x).y,)-

Input signal x, is routed to neural network 60. Appropriate
cost or loss function L, is ascertained as a function of
appropriate output signal y(x;) and output signal y, of pair
(%;,y;) as a desired output signal y;,. For parameters 0, a
relevant gradient d is ascertained, for example, with the aid
of back propagation, i.e., d=V L(y(x,).y,)-

Thereafter 1131, iteration counter n, first variable m,, and
second variable m, are updated as follows:

PEQ<Pi

Q)

nen+l

t=

B e

®
©®

m=(1-t)-m+t-d

my=(1=0-m+t-(d-d)

Thereafter 1141, components C_ , of a covariance matrix
C are provided as

M

1
Cop = ;(mz —-m -mlT)ab.

On the basis thereof, with the aid of the (vector-valued)
first variable m,, a scalar product S is formed, i.e.,

S={m, C "\, ). ®

It is understood that not all entries of covariance matrix C or
inverses C™' need to be present simultaneously for the
sufficiently precise ascertainment of scalar product S with
the aid of equation (8). It is more memory-efficient to
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determine entries C,, of covariance matrix C, which are
then necessary, during the evaluation of equation (8).

A check is then carried out 1151 to determine whether this
scalar product S satisfies the following inequality:

5222, ®

in which A is a predefinable threshold value, which corre-
sponds to a confidence level.

If the inequality is satisfied, the instantaneous value of
first variable m, is adopted as estimated gradient g (step
1161) and the method branches back to step 1200.

If the inequality is not satisfied, the method may branch
back to step 1121. Alternatively, a check can also be carried
out 1171 to determine whether iteration counter n has
reached a predefinable maximum iteration value n,,, .. If this
is not the case, the method branches back to step 1121,
otherwise zero vector 0e W is adopted 1181 as estimated
gradient g and the method branches back to step 1200. Thus
ends this portion of the method.

Due to this method, m, corresponds to an arithmetic mean
of ascertained gradients d across drawn pairs (X,.y,), and m,
corresponds to an arithmetic mean of a matrix product d-d*
of ascertained gradients d across drawn pairs (X,,y;)-

FIG. 14 shows a specific embodiment of the method for
scaling gradient g in step 1200. In the following, each
component of gradient g is designated by a pair (1),
1€ {1, ..., k} designating a layer of appropriate parameters
0, and le{1, . . ., dim(V,)} designates a numbering of
appropriate parameter 6 within the L-th layer. If the neural
network, as illustrated in FIG. 10, is designed for processing
multi-dimensional input data x with the aid of appropriate
feature maps z, in the 1-th layer, numbering 1 is advanta-
geously established by the position of the feature in feature
map z,, with which appropriate parameter 0 is associated.

Now 1210, a scaling factor € , is ascertained for each
component g, , of gradient g. For example, this scaling factor
Q. ,may be established by the size of receptive field rF of the
feature of the feature map, corresponding to 1, of the 1-th
layer. Alternatively, scaling factor € , may also be estab-
lished by a ratio of the resolutions, i.e., the number of
features of the 1-th layer in relation to the input layer.

Thereafter 1220, each component g, , of gradient g is
scaled by scaling factor 1, i.e.,

818l (10)

If scaling factor Q. , is established by the size of receptive
field rF, an over-fitting of parameters 6 may be particularly
effectively avoided. If scaling factor £, , is established by the
ratio of the resolutions, this is a particularly efficient esti-
mation of the size of receptive field rF.

FIGS. 15a)-15¢) illustrate specific embodiments of the
method, which is carried out by scaling layer S,.

Scaling layer S, is configured for achieving a projection
of input signal x present at the input of scaling layer S, onto
a sphere having radius p and center c. This is characterized
by a first norm N, (y—c), which measures a distance of center
¢ from output signal y present at the output of scaling layer
S., and a second norm N,(x—y), which measures a distance
of input signal x present at the input of scaling layer S, from
output signal y present at the output of scaling layer S,. In
other words, output signal y present at the output of scaling
layer S, solves the equation

(an
FIG. 15a) illustrates a particularly efficient first specific
embodiment for the case in which first norm N, and second

norm N, are identical. They are referred to in the following
as .

y=arj gmian (y—c)SpN 5(x—y)
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Initially 2000, an input signal x present at the input of
scaling layer S, a center parameter c, and a radius parameter
p are provided.

Thereafter 2100, an output signal y present at the output
of scaling layer S, is ascertained as

p(x—c) (12)

max(p, [lx—cl)’

<
1

Thus ends this portion of the method.

FIGS. 15b) and 15¢) illustrate specific embodiments of
particularly advantageously selected combinations of first
norm N, and second norm N,.

FIG. 15b) illustrates a second specific embodiment for the
case in which, in the condition (12) to be met, first norm
N,(*) is established by maximum norm |}, and second
norm Ny(*) is established by 2-norm |*|,. This combination
of norms is particularly efficiently calculated.

Initially 3000, similarly to step 2000, input signal x
present at the input of scaling layer S,, center parameter c,
and radius parameter p are provided.

Thereafter 3100, components y, of output signal y present
at the output of scaling layer S, are ascertained as

c+pif xi—¢>p (13)
)’i:{ci—P if xi—ecr<—-p
x; else

in which i designates the components.

This method is particularly computationally efficient.
Thus ends this portion of the method.

FIG. 15¢) illustrates a third specific embodiment for the
case in which, in the condition (12) to be met, first norm
N, (*) is established by 1-norm ||*|, and second norm N,(*) is
established by 2-norm |[*,. Due to this combination of
norms, in input signal x present at the input of scaling layer
S,, as many small components as possible are set to the
value zero.

Initially 4000, similarly to step 2000, input signal x
present at the input of scaling layer S,, center parameter c,
and radius parameter p are provided.

Thereafter 4100, a sign variable €; is ascertained as

+1 if x; = ¢;

B (14)
E"‘{—l it x <

and components X, of input signal x present at the input of
scaling layer S, are replaced by

Xp—€;-(x—C;).

as)

An auxiliary parameter vy is initialized to the value zero.

Thereafter 4200, a set N is ascertained as N={ilx,>Y} and
a distance measure D=Y,_(X,~).

Thereafter 4300, a check is carried out to determine
whether the inequality

D>p (16)

has been satisfied.
If this is the case 4400, auxiliary parameter 7y is replaced
by

D-p
Yyt Vo
NI

an

and the method jumps back to step 4200.
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If the inequality (16) has not been satisfied 4500, com-
ponents y, of output signal y present at the output of scaling
layer S, are ascertained as

yi=crte (), (18)

Here, the notation (*), means, as usual,

£ ESO

@, ={; 2

else

Thus ends this portion of the method. This method
corresponds to a Newton method and is particularly com-
putationally efficient, in particular for the case in which
several of the components of input signal x present at the
input of scaling layer S, are important.

FIG. 16 illustrates a specific embodiment of a method for
operating neural network 60. Initially 5000, the neural
network is trained with the aid of one of the described
methods. Thereafter 5100, control system 40 is operated as
described with the aid of neural network 60 trained in this
manner. Thus ends the method.

It is understood that the neural network is not limited to
feedforward neural networks, but rather that the present
invention may be applied, in the same way, to any type of
neural network, in particular recurrent networks, convolu-
tional neural networks, autoencoders, Boltzmann machines,
perceptrons, or capsule neural networks.

The term “computer” encompasses arbitrary devices for
processing predefinable calculation specifications. These
calculation specifications may be present in the form of
software, or in the form of hardware, or also in a mixed form
made up of software and hardware.

Moreover, it is understood that the methods may be
completely implemented in software not only as described.
They may also be implemented in hardware, or in a mixed
form made up of software and hardware.

What is claimed is:

1. A method for classifying input signals, which were
ascertained as a function of an output signal of a sensor,
using a neural network, the method comprising:

providing the neural network, the neural network includ-

ing a scaling layer;

mapping, by the scaling layer, an input signal (z,,) present

at an input of the scaling layer onto an output signal (z5)
present at an output of the scaling layer in such a way
that the mapping corresponds to a projection of the
input signal (z,) present at the input of the scaling layer
onto a predefinable value range, parameters being pre-
definable, which characterize the mapping;

wherein the predefinable value range is a ball, which is

characterized by a predefinable center (c) of the ball
and a predefinable radius (p) of the ball;

wherein, in a training phase, the predefinable center (c) of

the ball and the predefinable radius (p) of the ball are
adapted as a function of training the neural network, an
adaptation of the predefinable center (c) of the ball and
the predefinable radius (p) of the ball occurring during
the training as a function of an output signal (y) of the
neural network when an input signal (x) of the neural
network is supplied and as a function of an associated
desired output signal, and the adaptation of the pre-
definable center (c) of the ball and the predefinable
radius (p) of the ball occurring as a function of an
ascertained gradient which is dependent on the output
signal (y) of the neural network and the associated
desired output signal.
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2. The method as recited in claim 1, wherein the mapping
is established by the following equation z=
argminy, . <, N>(2,—25) including a first norm (N;) and a
second norm (N,).

3. The method as recited in claim 2, wherein the first norm
(N,) and the second norm (N,) are selected to be identical.

4. The method as recited in claim 2, wherein the first norm
(N,) is an L™ norm.

5. The method as recited in claim 4, wherein the second
norm (N,) is an L? norm.

6. The method as recited in claim 2, wherein the first norm
(N,) is an L' norm.

7. The method as recited in claim 2, wherein the equation
is solved using a deterministic Newton method.

8. The method as recited in claim 1, wherein the mapping
is established by the following equation

px-o

y=ct+t—m—m/m/m/m/—".
max(pxllx —cll)

9. A method for providing an activation signal for acti-
vating an actuator, the method comprising:

ascertaining the activation signal as a function of an

output signal of a neural network, wherein the neural
network includes a scaling layer, the scaling layer
mapping an input signal (z,) present at an input of the
scaling layer onto an output signal (z5) present at an
output of the scaling layer in such a way that the
mapping corresponds to a projection of the input signal
(z,) present at the input of the scaling layer onto a
predefinable value range, parameters p, c being pre-
definable, which characterize the mapping;

wherein the predefinable value range is a ball, which is

characterized by a predefinable center (c) of the ball
and a predefinable radius (p) of the ball;

wherein, in a training phase, the predefinable center (c) of

the ball and the predefinable radius (p) of the ball are
adapted as a function of training the neural network, an
adaptation of the predefinable center (c) of the ball and
the predefinable radius (p) of the ball occurring during
the training as a function of an output signal (y) of the
neural network when an input signal (x) of the neural
network is supplied and as a function of an associated
desired output signal, and the adaptation of the pre-
definable center (c) of the ball and the predefinable
radius (p) of the ball occurring as a function of an
ascertained gradient which is dependent on the output
signal (y) of the neural network and the associated
desired output signal.

10. The method as recited in claim 9, wherein an actuator
is activated as a function of the activation signal.

11. The method as recited in claim 9, wherein the mapping
is established by the following equation z,=
argminy, .,._-=N2(24—25) including a first norm (N;) and a
second norm (N,).

12. The method as recited in claim 9, wherein the map-
ping is established by the following equation

yoc+ L&z
max(ps|lx = cl)’

13. A non-transitory machine-readable memory medium
on which is stored a computer program for providing an
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activation signal for activating an actuator, the computer
program, when executed by a computer, causing the com-
puter to perform:

ascertaining the activation signal as a function of an

output signal of a neural network, wherein the neural
network includes a scaling layer, the scaling layer
mapping an input signal (z,) present at an input of the
scaling layer onto an output signal (z5) present at an
output of the scaling layer in such a way that the
mapping corresponds to a projection of the input signal
(z,) present at the input of the scaling layer onto a
predefinable value range, parameters p, c being pre-
definable, which characterize the mapping;

wherein the predefinable value range is a ball, which is

characterized by a predefinable center (c) of the ball
and a predefinable radius (p) of the ball;

wherein, in a training phase, the predefinable center (c) of

the ball and the predefinable radius (p) of the ball are
adapted as a function of training the neural network, an
adaptation of the predefinable center (c) of the ball and
the predefinable radius (p) of the ball occurring during
the training as a function of an output signal (y) of the
neural network when an input signal (x) of the neural
network is supplied and as a function of an associated
desired output signal, and the adaptation of the pre-
definable center (c) of the ball and the predefinable
radius (p) of the ball occurring as a function of an
ascertained gradient which is dependent on the output
signal (y) of the neural network and the associated
desired output signal.

14. The non-transitory machine-readable memory
medium as recited in claim 13, wherein the mapping is
established by the following equation zs=argmin,, .. _,.,N,
(z,~25) including a first norm (N,) and a second norm (N,).

15. The non-transitory machine-readable memory
medium as recited in claim 13, wherein the mapping is
established by the following equation

px-o

=C+ —————".
7= max(osllx — el
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16. An actuator control system, comprising at least one
processor, configured to provide an activation signal for
activating an actuator, the actuator control system config-
ured to:

ascertain the activation signal as a function of an output

signal of a neural network, wherein the neural network
includes a scaling layer, the scaling layer mapping an
input signal (z,) present at an input of the scaling layer
onto an output signal (z5) present at an output of the
scaling layer in such a way that the mapping corre-
sponds to a projection of the input signal (z,) present at
the input of the scaling layer onto a predefinable value
range, parameters p, ¢ being predefinable, which char-
acterize the mapping;

wherein the predefinable value range is a ball, which is

characterized by a predefinable center (c) of the ball
and a predefinable radius (p) of the ball;

wherein, in a training phase, the predefinable center (c) of

the ball and the predefinable radius (p) of the ball are
adapted as a function of training the neural network, an
adaptation of the predefinable center (c) of the ball and
the predefinable radius (p) of the ball occurring during
the training as a function of an output signal (y) of the
neural network when an input signal (x) of the neural
network is supplied and as a function of an associated
desired output signal, and the adaptation of the pre-
definable center (c) of the ball and the predefinable
radius (p) of the ball occurring as a function of an
ascertained gradient which is dependent on the output
signal (y) of the neural network and the associated
desired output signal.

17. The actuator control system as recited in claim 16,
wherein the mapping is established by the following equa-
tion zs=argmin,y, ., _<,N2(2,—25) including a first norm (N;)
and a second norm (N,).

18. The actuator control system as recited in claim 16,
wherein the mapping is established by the following equa-
tion

px-o

y=c+——.
max(py|lx —ell)



